ABSTRACT
INTRODUCTION
Identifying cis-regulatory modules (CRMs) is a prominent issue in computational biology. In order to have a better understanding of the mechanistic aspects of gene regulation it is necessary to identify systematically the target sites for transcriptional regulatory proteins. CRMs are also important targets for evolutionary change since phenotypic differences between species may be attributable to differences in gene regulation rather than to differences in the gene itself (Wilson, 1975; Tautz, 2000; Khaitovich et al., 2006) . In contrast to the gene-finding problem, the problem of finding CRMs is much more difficult -partly because of the lack of a commonly accepted definition of a CRM, owing to their inherent variability in structure. As a working definition we call a CRM of gene¨a stretch of DNA of several hundred bases located within, proximal or distal to gene¨which contains potential target sites of transcription factors and whose presence or absence has a measurable effect on the expression of gene¨.
© to whom correspondence should be addressed Most programs to predict CRMs, such as Ahab (Rajewsky et al., 2002) or ClusterBuster (Frith et al., 2003) use information about known TFBSs to identify potential CRMs. The results of these methods can be improved by using information about the conservation of predicted TFBSs such as done by the programs Stubb (Sinha et al., 2004) and ecis-analyst (Berman et al., 2004) . These methods yield reasonably good results but cannot generally be applied to genes for which the upstream transcription factors have not yet been studied experimentally. Thus they cannot easily be used for a genome wide CRM annotation since only a minor fraction of all active transcription factors and their binding sites is known.
An alternative approach is to use information contained in the pattern of conservation between related sequences. For example the method of Grad et al. (2004) uses patterns of sequence conservation between two species to predict CRMs with similar properties to a training set. Another approach, generally known as phylogenetic shadowing (Bofelli et al., 2003) , uses more than two species to predict functional regions. Methods using conservation signals alone can be limited in their performance because TFBS conservation necessary to maintain regulatory function may not be significantly higher than in non-binding sequence (Emberly et al., 2003) and TFBSs can be gained or lost even when CRM function is conserved (Ludwig et al., 2000) . In addition, conservation signals depend on the local mutation rate and selective constraints which vary over the genome.
Here, we show that CRMs can be identified in D. melanogaster by combining conservation signals with a second signal based on identifying locally overrepresented sequence motifs, similar to the method described by Papatsenko et al. (2002) . Often, functional TFBSs are associated with a cluster of degenerate repeats of their core-motifs. Their biological function may be the guidance of a transcription factor to its binding site (Kim et al., 1987; Khory et al., 1990; Coleman & Pugh, 1995) . Our method, called CisPlusFinder, locates sequences that are both perfectly conserved in multiple genomes and contain an overrepresented core motif as signal of a TFBS, and subsequently clusters sequences with these properties to predict CRMs. We developed and applied our method in the genus Drosophila, a species group that is well suited for a multi-way comparative analysis since draft genome sequences are available for D. melanogaster and 11 other species (http://rana.lbl.gov/drosophila/). Our results indicate that combining conservation and compositional signals from a set of multiple closely related species which sum to a sufficiently high substitution rate can lead to better CRM predictions than has been achieved thus far.
Associate Editor: Martin Bishop 
METHODS

Overview over CisPlusFinder
The motivating idea behind CisPlusFinder is to find regions in a target genome which contain a high density of Perfect Local Ungapped Sequences (PLUSs) that are shared among a set of closely related species. Individual PLUSs are selected on the basis that: (1) the length of a PLUS is unlikely relative to random occurrence; (2) at least one core motif contained in a PLUS is locally overrepresented, and (3) additional PLUSs fulfilling conditions (1) and (2) occur within the immediate neighborhood. Underlying these requirements is the idea that PLUSs contain core TFBS motifs, and that local clustering of PLUSs represents the comparative genomic signal of clustered TFBS that typify CRMs. Figure 1 shows a flowchart describing CisPlusFinder. A detailed description of the method can be found in the Supplemental Materials. The first section of Figure 1 shows the calculation of the nucleotide homology map, which is based on chained blastn-hits (Altschul et al., 1990) . The second part of Figure 1 depicts the stepwise calculation of putative PLUSs, which have a significant length and contain within them a core motif that is overrepresented in a local window centered on the PLUS. In order to find the set of putative PLUSs suffix trees are built using Ukkonen's algorithm (Gusfield, 1997) . The equations to calculate the significance of the length of a PLUS and the overrepresentation of possible core motifs are explained in the Supplemental Materials. The last section of the flowchart depicts the selection of PLUSs which possess at least the minimal regulatory potential, and the clustering of PLUSs into CRMs. We note that our definition of "regulatory potential" is not related to that used by King et al. (2005) 
Measuring prediction accuracy
To evaluate our CRM predictions, we use the same measurements as Chan & Kibler (2005) : sensitivity (SN) and positive predicted value (PPV) on the CRM and nucleotide levels and specif icity (SP) on the nucleotide level. They are
and
where TP means true positive, TN means true negative, FP means false positive and FN means false negative nucleotides or CRMs. We believe that the most meaningful measurement is SN on the CRM level which quantifies the proportion of annotated CRMs discovered by the computational method under evaluation. These performance measurements are often used to evaluate and compare gene prediction programs and classifiers that partition an input set into two groups. Applying the same measurements to CRM prediction the following problems have to be considered. One problem is caused by the fact that the exact boundaries are not known for most CRMs. It is possible that annotated CRMs exceed the boundaries of the functional CRM causing many false negative nucleotides. It is also possible that additional functional regions of a CRM exist outside an annotated CRM giving rise to false positive nucleotides. More false positive nucleotides and predictions are caused by the fact that many CRMs are still unknown and not annotated yet. Thus false positive predictions are expected and high specificity may not necessarily reflect good accuracy of a program. Another problem is that the equation one prediction £ one CRM is not true for most of the prediction programs. PPV on CRM level is calculated assuming this fact. PPV also depends strongly on the length of the analysed sequence. If the sequence is short enough the probability of a false positive prediction is limited by space.
Because of these considerations we developed a standardised version of PPV to train our method, denoted PPV4 , which calculates the length-adjusted probability that a prediction hits an annotated CRM. This measurement on the nucleotide level is defined as § " § # 4 £ 5 7 6 6 5 7 6 6 9 8 6 @ 2 where § means the number of nucleotides covered by annotated CRMs and ¡ means the number of nucleotides not covered by annotated CRMs. In addition, in training the parameters of our method (see 3.1.2) we avoided penalizing predictions that overlap annotated CRMs but do not hit the exact boundaries of the annotations. Thus, for a CRM prediction that hit an annotated CRM, the number of false positive nucleotides outside of the boundary of the hit annotation were not used to calculate PPV4 or SP. Likewise, nucleotides in annotated CRMs outside the boundary of an overlapping prediction were not counted as false negatives in calculating SN.
To evaluate the performance of CisPlusFinder in comparison with other methods or on the test set we used the script by Chan & Kibler (2005) without modification. This script considers a CRM to be discovered if the overlap between it and a predicted CRM exceeds 50bp and therefore excludes CRMs shorter than
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bp from the analysis. Our analysis follows the 
Datasets
To develop and test our algorithm we used three datasets containing CRMs from genes involved in early development in D. melanogaster (Table 1) .
To develop the CisPlusFinder method and train its parameters we used the combined datasets from Papatsenko et al. (2002) and Papatsenko & Levine (2005) .
To compare results from CisPlusFinder with other CRM detection methods, we used the dataset and published results of Chan & Kibler (2005) . We note that HexDiff dataset shares 12 genes in common with the Papatsenko dataset, and therefore this evaluation dataset is not independent from our training dataset, as is the case for many of the PWM-based methods tested in Chan & Kibler (2005) . We also note that the CRM annotation for the HexDiff and Papatsenko datasets differ for these 12 genes, with 34 of 44 annotated HexDiff CRMs overlapping 35 of 41 annotated Papatsenko CRMs.
To test our method on a dataset of CRMs that is fully independent from the training data and that covers a wider range of biological processes, we used the REDfly database curated by Gallo et al. (2005) . To construct the REDfly nonredundant dataset, we chose every CRM that is verified by an in vivo reporter construct and regulates a target gene not found in one of the other CRM datasets used to train and evaluate CisPlusFinder. For every target gene, the region containing the gene and all annotated CRMs are downloaded and extended 10kb upstream of the first CRM and 10kb downstream of the last CRM.
As an additional experiment, we tested whether the PLUSs that underlie CRM predictions by CisPlusFinder correspond to annotated TFBSs using the flyreg database curated by Bergman et al. (2005) , many of which are positioned in CRMs from the HexDiff dataset.
RESULTS
Training
Choice of informant species To train the parameters of
CisPlusFinder we attempted not to miss CRMs because they are absent from one or more informant sequences. Therefore, we selected manually the informant species from the set of D. yakuba, D. ananassae, D. pseudoobscura and D. virilis. Table 1 in the Supplemental Materials indicates which informant species were used for which target gene.
Parameters for Drosophila
For D. melanogaster and the informant species, we systematically varied the following five parameters, and measured the accuracy (PPV4 ) on the training dataset. For other species the parameters can easily be retrained. We found the following combination to be optimal:
1. length of overrepresented core of a PLUS: 
Comparison with other methods on HexDiff dataset
To compare the performance of CisPlusFinder with other methods, we applied it to a dataset used by Chan & Kibler (2005) . In this study the methods Ahab (Rajewsky et al., 2002) , ClusterBuster (Frith et al., 2003) , MSCAN (Johansson et al., 2003) , MCAST (Bailey & Noble, 2003) , LWF (Papatsenko et al., 2002) and HexDiff (Chan & Kibler, 2005) were applied to a set of CRMs active in early Drosophila development and performance measures of these methods were computed. The results are summarised in Table 2 ; for details on the parameters used for these method we refer the reader to the paper by Chan & Kibler (2005) . We note that the thresholds chosen by Chan & Kibler (2005) were optimised to increase specificity according to the HexDiff annotation. Lowering the thresholds would increase sensitivity and decrease specificity for these methods. We added to these results the published predictions from an additional method developed by Grad et al. (2004) , which uses only comparative data and a training set of known CRMs. Furthermore, we generated predictions for the HexDiff dataset using Stubb (Sinha et al., 2004) and ecis-analyst (Berman et al., 2004) , both of which use information about conservation of known TFBSs. To evaluate these methods we used default parameter settings and input matrices from Chan & Kibler (2005) . Table 2 shows that CisPlusFinder has a higher sensitivity on the CRM and nucleotide levels than any other method. The second highest sensitivity is achieved by Stubb which misses five CRMs found by CisPlusFinder. Both CRMs missed by CisPlusFinder have high local substitution rates, and one CRM missed by CisPlusFinder (regulating the expression of oc) was also not found by the method of Grad et al. (2004) . Figure 2 shows the predictions of all programs listed in Table 2 , the HexDiff annotation and the current REDfly-based annotation for two HexDiff regions. Some CRMs are found by all methods, such as the eve-stripe3 enhancer at position Figure 2 (a), suggesting that a combined approach to CRM prediction, as is increasingly used for gene prediction (Allen & Salzberg, 2005) , may yield accurate CRM annotations. Some CRMs are exclusively found by CisPlusFinder, such as the prd PMFE CRM at position 12,078,033 in Figure 2 (b). Table 2 also shows a relatively low specificity achieved by CisPlusFinder. However it is obvious from Figure 2 that there are predictions made by CisPlusFinder that do not overlap with the HexDiff-based annotation (black boxes) but do correspond to annotated CRMs in the REDfly database (gray boxes). To see if 
Analysis of false positive predictions
Correlation between PLUSs and known TFBS
To test whether PLUSs are caused by TFBSs, we downloaded all annotated TFBSs that are found in the HexDiff regions from the flyreg database (Bergman et al., 2005) . This resulted in a dataset of . These results indicate that while many PLUSs correspond to TFBSs, many TFBSs do not appear in PLUSs because of the degree of substitution and turnover in this species set (Emberly et al., 2003; Ludwig et al., 2000) .
Application to simulated data
To investigate our predictions in unconstrained sequences we applied it to simulated data. We simulated the evolution of the )
HexDiff sequences as ancestral sequences along the tree shown in the supplemental material using the method CisEvolver by Pollard et al. (unpublished) (http://rana.lbl.gov/CisEvolver/), which can evolve sequences according to the HKY85-model (Hasegawa et al., 1985) bp of the simulated D. melanogaster sequence roughly 60% are covered by chained alignments. No significant PLUS can be found in these aligned sequences. We conclude that PLUSs occur preferentially in sequences which are subject to functional constraint.
Application to the REDfly test set
Accuracy on the REDfly test set The results of
CisPlusFinder applied to the REDfly CRMs are shown in Table 3 . Our method predicts CRMs that overlap 4 '
annotated CRMs in the REDfly dataset. We compared our results with the output of Stubb using the same set of PWMs as above, which may limit Stubb to predict CRMs regulated by transcription factors regulating the CRMs in the Chan & Kibler (2005) regions. When D. virilis is used as a reference species Stubb predicts CRMs that overlap $ )
annotated REDfly CRMs.
Further analysis of false negatives
CRMs are missed by CisPlusFinder in the REDfly regions. Assuming that the function of a CRM is conserved in all informant species, it can be missed by CisPlusFinder for two reasons. One reason is that the number of PLUSs in this region is lower than the minimal required regulatory potential. The other reason is that the local substitution rate of a region is very high, which means that the probability that a TFBS will cause a PLUS is reduced.
To understand the basis of false negative predictions, we define a missed CRM as those which do not overlap at all with any CisPlusFinder prediction. Thus
'
CRMs that overlap with CisPlusFinder predictions for less than £ bp and were treated as false negatives above, are treated as true positives in this analysis. One missed CRM is not present in the chained alignment The .bed files for all )
HexDiff regions are available at the project page for visualisation using the UCSC browser.
and excluded from further consideration. For $ missed CRMs, the informant sequences contain ambiguous or unassembled sequences, i.e. stretches of Ns. The very strong requirement of perfect ungapped alignment makes CisPlusFinder very sensitive to unassembled sequences and Ns in the sequence. To find which CRMs are missed because they do not contain enough PLUSs to give rise to the required regulatory potential, we chose the subset of missed CRMs that contain putative PLUSs but . simulans, D. yakuba, D. ananassae, D. pseudoobscura, D. virilis, D. mojavensis, A. gambiae and A. mellifera . These alignment scores are calculated for every position of the genome of D. melanogaster. The average conservation scores for the different subsets of CRMs are given in Table 4 , which shows that many missed CRMs are positioned in regions of the genome that are poorly conserved. CRMs with lowRP show an intermediate level of conservation, and positively predicted CRMs show the highest average level of conservation. We suggest that TFBS in the no PLUS regions have undergone a higher rate of evolutionary turnover because of a high local substitution rate, and thus CRMs are not identified since the number of PLUSs is too low. We note that in contrast to positively predicted CRMs both classes of missed CRMs have a lower conservation score than their surrounding regions.
DISCUSSION
Transcriptional regulation is a highly complex process that differs for each individual gene and CRM. Therefore it is difficult to find a necessary and sufficient set of rules that can be used for computational prediction of all CRMs in a genome.
The goal of this project was to develop a method that finds CRMs independent of the information about the transcription factors that regulate a target gene. To do this we have developed a CRM prediction method based solely on sequence conservation and composition. Conservation-based methods limit prediction to conserved CRMs, but this limitation is becoming less restrictive with the increasing number of completely sequenced genomes. The set of informant species can be chosen according to the conservation of regulation for each investigated gene. Table 2 shows that CisPlusFinder is able to localise Drosophila CRMs better than the other methods applied thus far, which were also trained and developed with CRMs involved in early Drosophila development. The results of CisPlusFinder applied to the REDfly dataset (Table 3) show that CisPlusFinder is not limited to a special group of CRMs, and that our method can predict CRMs that are involved in biological processes different from those in the training data. This generality of CisPlusFinder results from the fact that it does not require any a priori knowledge about the binding transcription factors regulating a target gene.
However, we found that the specificity of our method is the lowest in the comparison to those that condition predictions on TFBS models. To test if CisPlusFinder predicts a high number of false positives or, more interestingly, a high number of undiscovered CRMs, we compared our prediction with an updated annotation of the HexDiff regions (section 3.3). These results clearly indicate that the low specificity of CisPlusFinder is in part because we are predicting unannotated CRMs in the HexDiff regions, underscoring both the importance of high quality CRM annotations as well as the difficulty in evaluating the specificity of CRM prediction methods.
The results reported in Table 4 also show that the performance of CisPlusFinder depends on the local substitution rate of the region investigated. In regions with high substitution rates, CRMs cannot be identified with the same accuracy as those in regions with low substitution rates. There may also be cases where the substitution rates are extremely low such that the probability to find a PLUS by chance is exceeded by the probability to find it because of shared ancestry. In these cases more species should be included in the analysis.
A final result of our study is that PLUSs are valuable signals for predicting CRMs. This finding is not incompatible with the occurrence of substitutions in TFBS and binding site turnover (Emberly et al., 2003; Ludwig et al., 2000) . PLUSs likely correspond to and are caused by TFBSs, but not every TFBS causes a PLUS. Hence CisPlusFinder can find CRMs that may have undergone functional substitutions, when at least some of the TFBSs are conserved strongly enough to give rise to PLUSs.
CONCLUSION
In conclusion, we have developed a method to predict CRMs, CisPlusFinder, that can produce reasonable predictions across different genomic regions, even when the parameters and set of informant species are static. CisPlusFinder may provide an accurate tool for biologists to uncover the regulation of individual genes by allowing the user to tailor the set of informant species to the local substitution rate and set parameters appropriate to the complexity of regulation of the target gene. Automated methods for species selection and parameter optimisation will be an important development in the future.
